Traffic safety is of great significance, especially in urban expressway where traffic volume is large and traffic conflicts are highlighted. It is thus important to develop a methodology that is able to assess traffic safety. In this paper, we first analyze the time to collision (TTC) samples from traffic videos collected from Beijing expressway with different locations, lanes, and traffic conditions. Accordingly, some basic descriptive statistics of 5 locations' TTC samples are shown, and it is concluded that Gaussian mixture model (GMM) distribution is the best-fitted distribution to TTC samples based on K-S goodness of fit tests. Using GMM distribution, TTC samples can be divided into three categories: dangerous situations, relative safe situations, and absolute safe situations, respectively. We then proceeds to introduce a novel concept of the percentage of serious traffic conflicts as the percentage of TTC samples below a predetermined threshold value in dangerous situation. After that, assessment results of expressway traffic safety are presented using the proposed traffic safety indictor. The results imply that traffic safety on the weaving segment is lower than that on mainlines and the percentage of serious traffic conflicts on median lane is larger than that on middle lane and shoulder lane.
Introduction
Urban expressway is the highest urban road level in Chinese city and is a very important vehicular passageways for motorists and commuters. For example, Beijing urban expressway systems consist of 5 ring lines and 15 connecting lines, with a total length of about 380 km. With the increasing traffic volume, traffic safety is more severe. Traffic safety of expressway is most commonly measured in terms of the number of traffic accidents and the consequences of accidents in terms of fatalities and injuries of differing severity. Whereas, traffic safety is a particularly difficult phenomenon to study, given the fact that accidents occur randomly in time and space thereby making measurement, assessment and comparison of this concept particularly difficult 1 . Thus, the underlying principle for a more effective safety evaluation strategy is to develop models based on proximal safety indicators that represent the temporal and spatial proximity characteristics of unsafe interactions and near-accidents. Research has shown that proximal safety indicators have an established statistical relationship with accidents [2] [3] [4] [5] [6] [7] . For expressway traffic safety studies that are aimed at assessing relative changes in levels of safety for different road environments or traffic conditions. It is necessary to use proximal indirect indicators of safety. These "safety indicators" are usually defined as traffic measures that are statistically correlated with the numbers of road traffic accidents at a particular location. These values are based on the temporal and spatial proximity between road-users during safety critical events. Svensson 8 states that for proxy measures or indicators of safety to be useful they must: (a) Complement accident data and be more frequent than accidents; (b) Have a statistical and causal relationship to accidents; (c) Have the characteristics of "near-accidents" in a hierarchical continuum that describes all severity levels of road-user interactions with accidents at the highest level and very safe passages with a minimum of interaction at the lowest level. In the literature, there were many safety indicators applied for safety analysis such as time headway (TH) 9 , traffic conflict number (TCN) 10 , time-to-collision (TTC) [11] [12] [13] , extended time-to-collision (TET, TIT) 14 , deceleration rate (DR) 15 , proportion of stopping distance (PSD) 16 , and standard deviation of lateral position (SDLP) 17 . In these indicators, the TTC value is widely accepted as a highly useful and valid safety indicator for traffic conflicts on highways 8, 13, 17 . TTC between two consecutive vehicles is a common traffic parameter applied for safety estimation, obstacles avoidance, and collision warning system design. TTC is defined as "the time that remains until a collision between two vehicles would have occurred if the collision course and speed difference are maintained" by Hayward 11 , and it is discussed extensively in Hydén 18 . According to Svensson 8 , TTC is inversely related to accident risk (smaller TTC values indicate higher accident risks and vice versa). TTC has often been used as a safety indicator for certain maneuvers by determining the minimum TTC measured during the maneuver [19] [20] [21] . Furthermore, drivers are assumed to be motivated for a safety-related reason to exhibit an accelerating or decelerating response to TTC, and TTC was applied for modeling driving behavior by Van Winsum 22 , Jin et al. 23, 24 , and Bubb 25 . Another important research of TTC is to measure TTC threshold value for distinguish dangerous situation and safe situation. Different opinions can be found in the literature as to which value should be used as safety limit. TTC threshold value suggests range from 1.5 s in urban areas 8 to 5s 26 , and 2.6 seconds for supported drivers and 3.5 seconds for non-supported drivers 27 . Thus, TTC threshold value is related to TTC distributions, and it is difficult for researcher to measure in different traffic conditions. Mainly for this reason, there is a need to further the concept of traffic safety indicator and assessment method that can indirectly be used to measure expressway traffic safety. The objective of this paper is to develop a novel method for traffic safety assessment in urban expressway based on TTC distribution. The TTC data was collected from traffic videos in Beijing urban expressway, and a Gaussian mixture model (GMM) based TTC distribution was proposed for estimating TTC parameters value with a given traffic flow condition. A novel traffic safety indicator was presented considering the percentage below TTC threshold in dangerous condition. Finally, a valid and reliable assessment method of expressway traffic safety was established and TTC indicators in different scenarios were analyzed and compared. The paper is organized as five sections, of which this is the first. The next section briefly describes collection of TTC data, the definition of TTC, and the basic statistical parameters of TTC. In Section 3, the GMM is built to establish the distribution of TTC. The Section 4 describes in detail the development and discussion of the novel assessment method of traffic safety using GMM based TTC distribution. The last section concludes with a summary of the findings of this study.
Data Collection

Study sites
The field data analyzed in this paper were collected through video survey between Si-tong Bridge and Lianxiang Bridge in Beijing North Ring Ⅲ expressway. Ring Ⅲ expressway built overhead is a vital infrastructure in Beijing's road system, and has a total length of 48 kilometers. The data were collected with different traffic conditions from 7:00 am to 10:00 am (including morning peak hour) and from 16:00 pm to 19:00 pm (including evening peak hour) on Jun. 20th Figure  1 . Using video image processing technology, it is easy to get traffic date including speed, traffic volume, and time occupancy. The video was Similarly, the dataset for calculating TTC is obtained including speed, headway, vehicle length, and classification of vehicle types.
Basic statistical parameters of TTC
TTC can be defined as the distance between a following and a leading vehicle divided by the relative velocity between two consecutive vehicles at a particular time. Thus, the formulation is shown as follows:
where TTC i (t) is the TTC of following vehicle i at time t, x i -1 (t) and x i (t) is the position of leading vehicle i-1 and following vehicle i at time t, respectively, v i -1 (t) and v i (t) is the speed of leading vehicle i -1 and following vehicle i at time t, respectively, and VL i -1 is the vehicle length of leader i-1. It is difficult for video to capture the positions and speeds of following vehicle and leading vehicle at a particular time, especially, the distance between two consecutive vehicles is large. Therefore, TTC should be calculated through fixed station traffic parameters.
Assume that vehicles have a consistent travel speed through a fixed station in a short time interval, the distance headway x i -1 (t) -x i (t) while following vehicle through the detector can be estimated by follower speed multiplying time headway 13 . Then, the expression of TTC in car-following scenario will be rewrote as:
where TTC i is the TTC of following vehicle i at the particular station, v i -1 and v i is the speed of leading vehicle i -1 and following vehicle i through the particular station, respectively, and TH i is the time headway between two vehicles. Some basic statistical results of five locations' TTC for different position, lane, and traffic flow level are shown in Table 1 . From Table 1 Published by Atlantis Press Copyright: the authorsdifferences. (c) The means of TTC at location 2 are also smaller than these at location 1 and location 3. In other words, traffic flow on weaving segment has more collision risks and leads to more dangerous situations. All of above results imply that means of TTC samples have strong correlations with locations, lanes, and traffic conditions. Consequently, it is unrealistic to use an uniform TTC threshold value for assessment of short term traffic safety with different road environment and traffic conditions. The distribution characteristics of TTC have great effect on TTC threshold value and assessment of traffic safety.
Gaussian Mixture Model Distribution for TTC
Gaussian mixture model is a parametric probability density function represented as a weighted sum of Gaussian component densities. GMMs are commonly used as a parametric model of the probability distribution of continuous measurements. GMMs have been successfully used in a wide variety of fields, such as speaker recognition systems 28, 29 , video image processing 30 , and pattern classification 31, 32 .
Gaussian mixture model
A Gaussian mixture model for TTC distribution is a weighted sum of M component Gaussian densities as given by the equation
where TTC k is the TTC of the k th vehicle, ω i , i＝1, …, M, are the mixture weights, and ( , ) 
with mean μ i and variance σ i (1). The choice of model configuration (number of components and model parameters) is often determined by the amount of data available for estimating the GMM parameters and how the GMM is used in a particular application. . Thus, GMM can be used to group the TTC samples and describe the parameters of different classes.
Maximum likelihood parameter estimation
Given training samples and a GMM configuration, we wish to estimate the parameters of the GMM, Θ, which in some sense best matches the distribution of the training samples. There are several techniques available for estimating the parameters of a GMM 34 . By far the most popular and well-established method is maximum likelihood (ML) estimation. The aim of ML estimation is to find the model parameters which maximize the likelihood of the GMM given the training data. For a sequence of N training data TTC i , the GMM likelihood, assuming independence between the training samples TTC i , can be written as, 1 (
This function ( ) L TTC  is called the likelihood of the parameters given the data, or just the likelihood function. The likelihood is thought of as a function of the parameters Θ where the data TTC is fixed. In the maximum likelihood problem, the goal is to find the Θ that maximizes L. That is, we wish to find Θ * where,
Often we maximize log (
instead because it is analytically easier. Unfortunately, this expression is a non-linear function of the parameters Θ and direct maximization is not possible. However, ML parameter estimates can be obtained iteratively using a special case of the expectation-maximization (EM) algorithm. The EM algorithm 35 is a general method of finding the maximum-likelihood estimate of the parameters of an underlying distribution from a given data set when the data is incomplete or has missing values. The basic idea of the EM algorithm is, beginning with an initial parameters Θ, to estimate a new parameters  , such that (
The new parameters then becomes the initial parameters for the next iteration and the process is repeated until some convergence threshold or iteration number is reached. The EM algorithm first finds the expected value of the complete-data log-likelihood. The evaluation of this expectation is called the E-step of the algorithm, and the second step (the M-step) of the EM algorithm is to maximize the expectation computed in the first step. These two steps are repeated as necessary. Each iteration is guaranteed to increase the log-likelihood and the algorithm is guaranteed to converge to a local maximum of the likelihood function. The detailed descriptions of EM algorithm refer to Wu 36 , Redner and Walker 37 , Jordan and Jacobs 38 , and Jordan and Xu 39 . GMM parameters are estimated from training data using the iterative EM algorithm. In this study, the number of component M is set as 3 on empirical observation and analysis. Three categories of TTC data represent dangerous situations, relative safe situations, and absolute safe situations, respectively. Multiple normal distributions are applied to fit TCC data and mixture weight of each distribution reflects the percentage of different safe situations of traffic flow. It is shown that the GMM has ability to fit two-peaks distribution of TTC data. Figure 3 shows the empirical cumulative distribution function (CDF) for TTC data samples with the fitted GMM distribution. The GMM fits to empirical data very well and has small error. To further verify the fitting results in statistically, Kolmogorov-Smirnov (K-S) test was adopted to perform the goodness-of-fit test 40 . In statistics, the K-S test is a nonparametric test for the equality of continuous one-dimensional probability distributions that can be used to compare a sample with a reference probability distribution (one-sample K-S test), or to compare two samples (two-sample K-S test). The K-S statistic quantifies a distance between the empirical distribution function of the sample and the CDF of the reference distribution. The null distribution of this statistic is calculated under the null hypothesis that the sample is drawn from the reference distribution. Table 2 shows the estimated Gaussian distribution parameters and results of K-S test for sample data with all lanes of five location. As can be seen from Table 2 , the K-S goodness of fit tests suggest the GMM performs well. All of samples from 15 stations are demonstrated that the samples are drawn from the GMM distribution statistically at significance level α = 0.05. The estimated component weighs of different Gaussian distributions also indicate that percentages of TTC data in different traffic situations are related to sampling stations and traffic conditions. TTC data in dangerous situation is nearly range from 50% to 60%. 
where L sc is the percentage of serious traffic conflicts, ω ds and p ds () are the weigh factor and CDF of TTC samples in dangerous situations, respectively, and τ is a predetermined TTC threshold value. This indicator can be as a novel safety indicator for assessment of expressway safety. Having had the TTC distributions of expressway sections with different environments, the percentage of serious traffic conflicts can be calculated for safety assessment.
Analysis of traffic safety
According to Eq. (7), the percentage of serious traffic conflicts in dangerous situations could be calculated as a safety indicator for assessment of expressway traffic safety in a specific time period. Using the field TTC data mentioned in Section 2, the percentages of serious traffic conflicts are reported in Table 3 where 2 s, 3 s, 4 s, and 5 s are considered as the TTC threshold values. Figure 4 shows the relationship between TTC threshold values and percentages of serious traffic conflicts with different lanes at location 1. From Figure 4 , we can find that the percentage of serious traffic conflicts on median lane is larger than that on middle lane and shoulder lane. The same results can also be found obviously at location 2-5. The main reason is that the on-ramp and off-ramp vehicles have greater effect vehicles on shoulder lane than these on median lane. Thus, vehicles on median lane have higher travel speeds and more serious traffic conflicts.
Conclusions
In this study, an assessment method of expressway traffic safety is proposed to estimate the vehicle crash frequency in different environments. 
